Estimating population-level obesity rates is important for informing policy and targeting treatment. The current gold standard for obesity measurement in the United States-the National Health and Nutrition Examination Survey (NHANES)-samples <0.1% of the population and does not target state-level or health system-level measurement.
A nalysis of electronic health record (EHR) data has the potential to revolutionize how research and patient care are conducted given the massive amount of data that are available for analysis and measurement. One benefit of EHR analyses is that they can identify associations at the health system level that will promote diagnostic and therapeutic interventions at the health system or individual level. EHR data have been used to identify individuals at risk of developing cardiovascular disease 1 and diabetes 2 with the goal of improving detection and treatment of these conditions before they harm patients. Researchers have also used EHR data to study chronic obstructive pulmonary disease, 3 asthma, 4 depression, 5 and chronic pain. 6 Obesity is an ideal disease to target for EHR analyses. It is a leading cause of early mortality in the United States 7 and, along with its related comorbidities, costs billions of dollars to treat each year. 8 Obesity is also readily identifiable in the EHR given that the criterion for its diagnosisassessment of body mass index (BMI)-is simple to measure and record during clinic visits. Several studies using EHR data have focused on childhood obesity 9 and its association with socioeconomic factors. [10] [11] [12] Studies on adults have targeted improvement in obesity documentation in the EHR, [13] [14] [15] [16] [17] community-level determinants of obesity, 18 and the likelihood of weight loss maintenance over time. 19 One criticism of these analyses has been that selection bias may exist because the sample of patients represented in an EHR dataset may be different than the general population. Flood et al 9 recently investigated this issue for childhood obesity and found that EHR analyses that were weighted and adjusted to account for bias were similar to those documented in the National Health and Nutrition Examination Survey (NHANES). NHANES is widely considered to be the gold standard measurement tool for obesity in the United States given that it is the only survey that is nationally representative and includes in-person height and weight measurement rather than self-reports.
In this study, we used EHR data from 42 clinics in a large health care system to identify adults who were overweight or obese and had been evaluated at least once in a primary care clinic. We then compared overweight and obesity rates in the EHR dataset to NHANES survey participants to examine the amount of agreement between samples. We hypothesized that, after adjusting for demographic differences, the prevalence of obesity according to sex and ethnicity would be similar between the 2 cohorts.
MATERIALS AND METHODS
We used data from the University of Wisconsin Public Health Information Exchange (PHINEX) database, which includes a HIPAA Privacy Rule compliant limited dataset from more than 500,000 patients who are seen in 42 clinics operated by the University of Wisconsin, Departments of Family Medicine, Pediatrics, and Internal Medicine. 4, 20 Each patient in the PHINEX database has at least 1 documented encounter with a primary care practitioner (family medicine, internal medicine, or pediatrics) since 2007. To de-identify each patient, personally identifying information was removed, date of birth was transformed to birth month, and address was transformed to the census block group. Epic EHR Clarity Database (EpicCare Electronic Medical Record; Epic Systems Corp., Verona, WI) was the data source for all patients.
Study Population
Adult patients in the PHINEX dataset who attended at least 1 primary care clinic visit between 2011 and 2012 were included in the analysis. This time frame was selected so that our results could be compared with the most recent analysis of NHANES patients, which was published in 2014 by Ogden et al 21 and includes data from the same time period. Patients within the PHINEX dataset were excluded if they were younger than 20 years or had missing data on either race/ethnicity or census block group.
Study Variables
Patient characteristics: patient age, sex, race/ethnicity, type of insurance, census block group of residence during 2012, and BMI were included in the PHINEX dataset. Categorization of patient age followed the scheme described in the Ogden analysis (Z20, 20-39, 40-59, Z60 y). Patient race/ethnicity was categorized as white (non-Hispanic), black (non-Hispanic), Other (non-Hispanic), and Hispanic. Insurance type included commercial, Medicare, Medicaid, or no insurance. Census block group (600-person to 1500-person neighborhoods) was generated by geocoding each patient's address in the EHR using ESRI ArcGIS software. 22 Community characteristics: urbanicity and economic hardship index (EHI) were calculated at the census block group level and linked to the patient's location of residence. Urbanicity was defined as urban (1-4), suburban (5) (6) (7) (8) , and rural (9-11) based on the classification system described by ESRI. 24 EHI values, which were based on 5-year estimates from the US Census American Community Survey (2007-2011), were calculated using the Nathan and Adams technique, 25, 26 which includes 6 variables: (1) unemployment: percent of people age >16 years who are unemployed; (2) dependency: percent of the population age <18 or >64 years; (3) education: percent of people age >25 without a high school education; (4) income level: per capita income; (5) crowded housing: percent of occupied housing units with more than 1 person per room; (6) poverty: percent of households below 125% of low-income level. Scores were normalized for all Wisconsin census block groups and ranged from 0 to 100 (100 indicating the maximal degree of comparative hardship).
Analysis
Unadjusted obesity rates from the PHINEX dataset were calculated according to obesity class, age, sex, and ethnicity. Weighted obesity rates from PHINEX were calculated by a 2-step process that has been described elsewhere. 9 The first step accounted for PHINEX patients with missing BMI data. An inverse probability weighting was performed by a multivariable logistic regression with age (category), race, insurance type, urbanicity, and EHI as predictors and presence of BMI data (yes/no) as the outcome. The final model was chosen by stepwise selection with inclusion of variables at a P-value <0.05. Thus, any patient selected from the PHINEX dataset with covariate value X would have a probability of p(X) that the patient's BMI information would be present. Patients with covariate value X and BMI data that were not missing represented 1/p(X) patients from the PHINEX dataset. Given this relationship, patients with no missing BMI data could represent similar patients with missing BMI data. 27 The second step involved a poststratification correction 28 to adjust the population of patients in the PHINEX dataset into a nationally representative sample using 2012 national census data. 29 The inverse probability weight (from the first step) and the poststratification correction (from the second step) were then multiplied to create a final weight for each patient. Unadjusted and weighted PHINEX obesity rates were reported along with 95% confidence intervals (CIs) according to age, sex, and race.
Scatterplots were used to visualize the relationship between NHANES and weighted PHINEX rates as well as crude and weighted PHINEX rates. A 45-degree "identity line" was displayed in the scatter plots for a point of reference. Spearman rank correlations and a Bland-Altman 30 analysis were performed to measure the strength of these relationships.
Statistical analyses were performed using SAS version 9.3 (Cary, NC). Strengthening the Reporting of Observational studies in Epidemiology (STROBE) guidelines were followed. 31 
RESULTS
Data from 388,762 patients were included in the analysis. A comparison of crude PHINEX and NHANES sample sizes according to age category, sex, and race/ethnicity is shown in Table 1 . The mean sample size for each stratum was 57 times larger (min 3; max 236) for the PHI-NEX cohort compared with NHANES.
In multivariable logistic regression analyses, older age, female sex, non-Hispanic black race/ethnicity, commercial insurance/Medicaid status versus no insurance, urban area dwellers compared with suburban or rural, and living in an area with a lower EHI were associated with having a BMI recorded (all P < 0.001).
PHINEX Estimates of Overweight and Obesity Rates
At least 1 BMI value was present in the dataset for 59.6% (n = 192,039) of patients. Females comprised 57.6% (n = 110,514) of this cohort. White, black, Hispanic, and Other race patients comprised 91.2%, 3.3%, 2.4%, and 3.1% of the group, respectively. Nearly three fourths had commercial insurance, whereas 21.7% had Medicare or Medicaid. More than half (52.4%) lived in a suburban setting, whereas 28.7% and 19.0% lived in urban or rural settings, respectively (Table 2) .
Seventy percent (95% CI, 69.8-70.2) of adults were overweight or obese, whereas 37.3% (95% CI, 37.1-37.5) were obese ( Table 3 ). The prevalence of severe obesity (class II or III) was 17.0% (95% CI, 16.8-17.1) ( Table 4) . Black adults had the highest rates of overweight and obesity. Overall, 19.6% (95% CI, 17.5-21.7) of black females age 40-59 had class III obesity, compared with 10.5% (95% CI, 8.6-12.5) of Hispanic females, 10.0% (95% CI, 9.7-10.3) of white females, and 2.3% (95% CI, 1.5-3.2) of Other females in the same age category (Table 4) . 
PHINEX Versus NHANES Estimates of Overweight and Obesity Rates
Among the 16 different obesity class, ethnicity, and sex strata that were compared between EHR and NHANES patients, 14 (87.5%) contained similar obesity estimates (ie, overlapping 95% CIs; Fig. 1 Crude and weighted PHINEX overweight and obesity rates were plotted by ethnicity, sex, and BMI cutoff (Supplemental Digital Content, http://links.lww.com/MLR/B334). Overweight and obesity rates for NHANES and PHINEX participants were also plotted. The Spearman rank correlation coefficients for these 2 analyses were 0.996 and 0.997, respectively. Bland-Altman analyses indicated that the mean difference between crude PHI-NEX and weighted PHINEX rates was 0.23 (95% limit of agreement between À 1.72 and 2.17); the mean difference between NHANES and weighted PHINEX rates was 2.55 (95% limit of agreement from À 5.98 to 11.08). 
DISCUSSION
Our findings suggest that the EHR may be a useful tool for assessing adult obesity at the individual and health system level. Compared with NHANES, which is considered the gold standard obesity measurement instrument in the United States, adjusted rates of overweight and obesity in our EHR dataset were similar in 14 of 16 obesity class and ethnicity strata. Sample sizes in the EHR dataset were, on average, 50 times larger within each stratum which allowed for more precise estimates (smaller CIs) than the NHANES dataset.
Having accurate and actionable obesity data available at the population level is critical. Historically, obesity trends in the United States have been assessed by surveys, which track obesity along with other determinants of health, such as smoking and dietary habits. Nationally, the CDC administers NHANES, which includes personal interviews, physical exams, laboratory testing, and nutritional assessments. 32 CDC also administers the National Health Interview Survey (NHIS) through personal household interviews. 33 Findings from the recently published 2015 NHIS survey documented a 30.4% obesity rate in the United States, a record high. 34 At the state-level, the CDC leads the Behavioral Risk Factor Surveillance System (BRFSS), which is a crosssectional telephone survey conducted by state health departments. 35 For 2014, BRFSS data indicated that the obesity rate was 31.2% in Wisconsin. 36 The Survey of the Health of Wisconsin (SHOW) has also been available for the past 20 years. 37 Administered by the University of WisconsinMadison, SHOW includes annual household surveys of Wisconsin residents who are followed longitudinally and is modeled after NHANES. Analyses of more than 3000 SHOW participants from 2008 to 2013 reveal a 39.4% rate of obesity in Wisconsin, 38 a 20% increase compared with the BRFSS telephone survey data for Wisconsin. All races All 7.4 (7.3-7.5) 6.7 (6.5-6.9) 8.8 (8.6-9.0) 6.3 (6.1-6.5) Although each of the aforementioned survey instruments is valuable, they all have their limitations. NHANES and SHOW include actual measurement of height and weight to generate an individual's BMI, they require household visits and are relatively expensive. According to the CDC, expenses for NHANES are more than $30 million annually, and there are concerns about whether funding will be adequate in the future. 39 This limits the number of individuals NHANES can sample, which is approximately 5000 people annually in 15 counties across the United States. 39 The NHIS and BRFSS, on the other hand, obtain their BMI estimates by asking participants about their height and weight, either in person or by the telephone, respectively. One concern with this type of self-reporting is that it may underestimate obesity prevalence rates because participants tend to overestimate their height and underestimate their weight. 40 One benefit of using EHR data to identify patients with obesity is that it does not require significant amounts of additional investment. Although the initial purchase of the EHR may cost millions for large health systems, 41 EHR studies can be completed by analytics personnel and/or researchers at that institution. A second benefit of EHR analyses is that they provide actionable information at both the individual and health system levels. For example, in this analysis, which included data from 2011 and 2012, 40% of patients in the EHR did not have a BMI recorded. By comparison, more than 95% of patients in the Veterans Health Administration system were screened for obesity using BMI in 2010. 42 Health systemlevel education and training of providers and information technology solutions might be effective in improving BMI measurement during primary care visits. Baer et al 43 recently reported the results of their cluster-randomized trial of 23 clinical teams which assessed the impact of adding features to the EHR that were designed to improve outpatient assessment and management of obesity.
Obesity data from the EHR could also be used to target high-risk individuals. Zimmerman et al 2 examined the feasibility of using the EHR to identify prediabetic patients and provide lifestyle modification counseling. Of those who did not have a diagnosis of diabetes, more than half were identified as prediabetic in the EHR analysis and fewer than one third had documentation of lifestyle counseling by a provider. The authors concluded that EHR-initiated patient outreach could be effective. Patients with severe obesity who have recently developed an obesity-related comorbidity, such as diabetes, or gained a significant amount of weight could trigger an alert to the primary care provider to discuss obesity treatment options. This type of intervention is not feasible with state and national surveys given that they are not directly incorporated into a health system. Our study has several important limitations. BMI data were manually entered by health care professionals and may be less reliable than data explicitly obtained for research or public health purposes, where data are typically doubleentered and subjected to validity checks. Further, we did not impute BMI for the 40% of patients with missing BMI data. We weighted the sample for missing data and adjusted the population distribution to reflect a nationally representative population. This weighting technique could have introduced bias into the results although Figure 1 suggests that the impact of weighting the PHINEX rates was modest. Further, unmeasured confounding may be present our stepwise logistic regression model, and thus our results may not be generalizable to other datasets.
Selection bias may exist given that patients who visited a primary care provider in 2011 or 2012 may have been different from those who did not. Although rates were similar between EHR and NHANES patients for nearly all ethnicities and obesity classes, weighted PHINEX rates were generally higher than NHANES rates. This difference was most pronounced for non-Hispanic black adults with severe obesity who had adjusted PHINEX rates that were 4% points higher than NHANES. This may reflect selection bias in either the EHR dataset or NHANES, given that NHANES generated national obesity estimates using data from only 5181 patients (3% of the EHR sample size). Alternatively, both datasets may reflect the populations they were designed to measure.
When obesity class, sex, and race-ethnicity risk sets were arrayed by prevalence magnitude, this study suggested that there was little selection bias when a large clinical population (PHINEX) was compared with a nationally representative nonclinical population (NHANES). Adjusted and crude estimates of the clinic population were all very near to the 1:1 "identity line" (Spearman rank correlation 0.996), and similar results were found when adjusted clinical population estimates were compared with weighted NHANES (Spearman rank correlation 0.977). In this comparison, 14 of the 16 risk sets demonstrated excellent agreement, as indicated by minimal mean differences in the Bland-Altman analyses. The 2 risk sets with the greatest disagreement were subpopulations that were likely to have a higher intrinsic heterogeneity between PHINEX and NHANES: non-Hispanic Other males and females. These findings replicate other studies 4, 9 demonstrating good agreement between nonclinical populations and EHRderived prevalence estimates. Despite this, it is possible that national obesity rates are impacted by geographic region independent of the patient characteristics we have analyzed. This could limit the generalizability of this study.
In summary, the EHR may be an ideal tool for identifying and targeting patients with obesity who may benefit from population or individual-based interventions, such as public health campaigns, behavioral interventions, or bariatric surgery. Given the limitations of state and national-level survey instruments, providers, health systems, and health services researchers should consider using EHR analyses as a source of real-time data to improve the care that is offered to patients with obesity.
